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Predicting Problems 
Abstract 
Manufacturers must frequently predict the number of future field failures for a product using past field-
failure data, especially when an unanticipated failure mode is discovered in the field. Such predictions are 
needed to quantify future warranty costs and ensure a sufficient number of spare parts will be available to 
quickly repair failed units. In extreme cases, failure predictions are also needed to decide whether a recall 
is warranted and, if so, which segments of the product population must be recalled -- such as the units 
built during a specified period of time or those produced in a particular plant. Using an example of a 
fictitious company dealing with a failed part, this article will describe statistical methods for making these 
predictions. 
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Predicting Problems 
Forecasting the number of future field failures 
MANUFACTURERS MUST frequently 
predict the number of future field failures 
for a product using past field-failure data, 
especially when an unanticipated failure 
mode is discovered in the field. Such 
predictions are needed to quantify future 
warranty costs and ensure a sufficient 
number of spare parts will be available to 
quickly repair failed units. 
In extreme cases, failure predictions 
are also needed to decide whether a 
recall is warranted and, if so, which seg-
ments of the product population must be 
recalled-such as the units built during a 
specified period of time or those produced 
in a particular plant. Using an example of 
a fictitious company dealing with a failed 
part, we will describe statistical methods 
for making these predictions. 
component D 
A home appliance part called component 
D was failing in the field. The company's 
engineerinJ! department immediately 
investigated and found the cause of the 
problem to be related to a cost-saving 
process change made by the part's manu-
facturer one year earlier. 
The problem was corrected immedi-
ately for all future product, and the reli-
ability of the corrected part was verified 
to be satisfactory by accelerated testing. 
Unfortunately, such testing had not been 
conducted at the time of the cost-saving 
measure. 
One major problem remained: the 
nearly 300,000 appliances built during the 
past year and shipped with the faulty part. 
These were of particular concern because 
an eyeball examination of the limited 
failure data to date suggested the hazard 
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rate was increasing over usage time-one 
reason it had t.aken a year to discover and 
focus on the problem. 
Thus, although there had been relatively 
few failures-fewer than 200 to date-it 
was possible this problem could mushroom 
into a much larger one during the product's 
three-year warranty period and in subse-
quent years. 
In particular, the manufacturer wanted 
a prediction of how many of the nearly 
300,000 units would fail during their first 
three years of life and the rate at which 
units would arrive for wan-anty repair. The 
manufacturer also wanted an idea of the 
failure behavior all,er the wan-anty period 
had ended. 
componentD 
failures / TABLE 1 
25,183 6 
4 24,874 10 
5 24,604 7 
6 24,355 14 
7 24,057 11 
8 23,768 21 
9 23,389 18 
10 22,844 30 
11 22,120 37 
12 21 ,069 29 
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Plots are for the component D field-failure data showing ML estimates of the cumulative 
fraction failing as a function of months In service. 
ML - maximum likelihood 
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Such predictions would lead to an 
assessment of the severity of the problem 
and whether it merited a product recall. 
The predictions also would allow the man-
ufacturer to develop a plan to minimize the 
inconvenience experi~ by customers, 
including a determination of how many 
replacement parts would be needed and 
by when. Th~ assessments were to be 
based on a statistical analysis of the data 
on the failures that had already oc.cwred. 
The data 
Records on the tot.al number of appliances 
manufactured each month were available 
from the, company's production depart-
ment Moreover, customers generally 
Predicted number of in-wamnty 





month number of month 
number of month failures failures , 39.49 13 66.59 25 
2 42.65 14 68.29 26 
3 45.50 15 69.9S X1 
4 48.13 16 71 .56 28 
5 50.58 17 73.12 29 
6 S2.90 18 74.65 30 
7 S5.11 19 76.15 31 
8 S7.21 20 77.61 32 
9 S9.23 21 79.04 33 
10 61 .17 22 80.44 34 
11 63.04 23 81 .81 35 
















reported failures almost immediately after Shown for each of the next 36 months from product built during the past year. 
they occurred. Warranty repairs were im-
plemented shortly thereafter and reported analy-Led by the methods taught in intro- based on theoretical and empirical 
grounds, to often (but not alweys) do a 
good job in representing such data. These 
disbibutions are characterized by their 
parameten,-just as the nonnal 
distribution is described by its mean and 
standard deviation. 
instantaneously via a wireless bar-coding ductory statistics courses. One reason for 
system used by the repair person. this is the presence of censored data. 
Unfortunately, the raw data were not Another reason is that time-to-failure 
accessible, and the only failure information 
available was a summary tabulation of the 
number of units in each month's production 
that had failed to date, shown in Tobie I. 
data do not typically follow a nonna.l 
dis1ribution. Instead, the Weibull and 
lognonnal distributions have been found, 
Of the 24,057 units that have been in 
service for seven months, 11 had failed to 
date. We do not know when these failures 
took place during the seven months; 
therefore, in the analysis of the data, the 
failure times of these 11 failed units are 
•1eft censored" at seven months (that is, 
lmown only to fail sometime during their 
first seven months of service). 
Predicted number of ln-wamnty 
failures per month over the next 36 
months I FIGURE 2 
The failure times of the 24,046 unfailed 
unit.s are, moreover, "right censored" at 
seven months (that is, the failure time 
is known only to be greater than seven 
months). Much field-failure data are, like 
this data, "multiply" right censored, mean-
ing the units have differing censoring times 
due to the staggered entry over time of 
product into the field.' 
statistical analysis of llfe data 
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For example, a s])ecific Weibull distribution is 
identified by its scale parameter Tl and its shape 
parameter .ft. These parameters, in tum, can be 
estimated using methods such as maximum 
likelihood (ML) from the available data (including 
censored data) and using modem computer soft-
ware, such as JMP 2010,2 Minllab 20!fr" and Splida/ 
RSplida (usedln our analyses).' 
Predicted cumulative number of 
in-warranty failures over the next 
36 months I FIGURE 3 
Failure-time distribution 
A Weibull and a lognoanal distribution were fitted 
to the component D field-failure data shown in 
Table I (p. 52). Each fitted distribution was then 
used to estimate the fraction of product failing 
after various years in service. 
Figure I (p. 52) shows a lognoanal probability 
plots for the component D field-failure data, show-
ing the lognormal and the Weibull ML estimates of 
fraction product failing as a function of months in 
service, as well as the observed failures. 
In Figure I, note that the plotted points are 
scattered around the fitted lines for each of the two 
distributions. This suggests the Weibull and lognoanal distribu-
tions do a good job representing the data, at least during the first 
12 months of service. 
In extrapolating beyond about 15 months, the Weibull and 
lognoanal estimates tend to diverge, with the predictions using the 
Weibull distribution being more pessimistic than those based on 
the lognormal distribution. llecalJse it is more oonservative than the 
lognormal, the fitted Weibull distribution was used for predictions. 
The ML estimates for the scale and shape parameters of the 
Weibull distribution, fitted to the data, were,; = 952.92 and j = 
1.483, respectively. The fact that the estimated shape parameter 
was greater than I suggests, as expected, an increasing hazard 
rate over time and provides evidence of product wear out. Thus, 
a unit with 12 months of service has a higher probability of fail-
ing in the next month than a unit with only one nlonth of service. 
Most importantly, based upon the Weibull distribution fit, 
the software estimat.ed the ~on failing after 36 months to 
be 0.008, with an upper 9596 statistical confidence bound (also 
calculated by the software) of 0.014. 
Management was also concerned with customer satisfaction 
and the probability of failure beyond the wananty period, so 
estimates of the five-year and eight-year fraction failing were also 
SUGGESTIONS FOR STATISTICS ROUNDTABLE? 
0 10 15 20 25 :io 35 40 
Months 
requested. Again, using the more pessimistic Weibull distribution, 
these were 0,016 and 0.033, respectively, with associated upper 
95%statistical confidence bounds of0.037 and 0.087, respectively. 
Based on these results, management decided, with much re-
lief, that a product recall was not warranted. Instead, provisions 
were made to repair-as expeditiously and seamlessly as pos-
sible-those units in the field that would fall during the wananty 
period. For this pwpose, it was important to predict the number 
of failures in each of the next 36 months-that is, the end of the 
warranty period for the youngest group of units in the field. 
Predictions of future failures 
Table 2 and Figure 2 (both on p. 53) show the predicted number 
of in-warranty failures in each of the next 36 months based on 
the fitted Weibull distribution. For example, a total of 51 (actually 
50.68) units are predicted to fail during the llflh month from now. 
The online sidebar, "(',alcuJation of Expected Number of Failures 
in Each Future Month," found on this column's webpage at www. 
qualityprogress.com, details how this number was calculated. 
Table 2 and Figure 2 show that the predicted number of in-
warranty failures increase each month for the next 24 months 
because of the wear~ut nat\U'e of the failure mode. The pre-
Is there a topic you would like one of our Statistics Roundtable columnists to 
address in a future issue of QP? Send your ideas via e-mail to editor@asq.org. 
dieted number of such failures, however, 
decreases rapidly starting in month 26 as 
older units begin to drop out of warranty 
coverage. 
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Figure 3 shows predictions for the cumulative number of fu-
ture failures for the next 36 months. The tot.al predicted number 
of in-warranty failures is 2,032. 
word of warning 
The prediction of the number of in-warranty failures during the 
next 36 months involves an extrapolation of the fitted Weibull dis-
tribution beyond the 12 months of available data This asswnes-the 
model continues to ·hold in the extr..i.polated region. Figure 1 548-
gests such an assumption might be highly questionable. Moreover, 
the uncertainty associat:,ed with this assumption is not included in 
the statistical confidence· limits cited; these pertain to statistical 
sampling uncertainty only. 
In light of this assumption, the analyses are to be redone every 
three months over the next two years to include newly acquired 
failure data The results are to be used to update the estimates. 
Other situations, more reading 
The example involving component D is only one illustration of 
many practical situations in which you might want to predict the 
number of future failures. The details will vary case by case, espe-
cially in regard to the nature of the available field-failure data 
For example, unlike the case of component D, you frequently 
know the age of parts at their time of failure. In that case, the data 
would not involve left censoring of the failure times but wou1d 
still include right-censored data ( on the unfailed units), similar to 
. the data described in a previous Statistics Roundtable column. 6 
Fortunat.ely, the available software is sufficiently versatile to ac-
commoclat.e different situations. 
Authors William .Q. Meeker and Luis A Escobar provided 
more technical details on future failure prediction in chapter 12 
of StaJ.isticalMetJwdsfor &liab-UUy Data. They also describe 
simulation-based methods for computing prediction inteivals 
that quantify the statistical uncertainty-but not the model un-
certainty-in the predictions. r, 
In a Technometri.cs article, authors Yili Hong and William Q. 
Meeker described a more general model for warranty failure 
prediction for a situation that involves multiple failure modes in 
which the expected nwnber of failures for each mode needs to 
be predicted. Their article also showed how to factor use-rate 
infonnation-infonnation on the frequency of product use by 
custome~into the analysis. 7 Q P 
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